Cancer genomes often harbor hundreds of somatic DNA rearrangement junctions, many of which cannot be easily classified into simple (e.g. deletion, translocation) or complex (e.g. chromothripsis, chromoplexy) structural variant classes. Applying a novel genome graph computational paradigm to analyze the topology of junction copy number (JCN) across 2,833 tumor whole genome sequences (WGS), we introduce three complex rearrangement phenomena: pyrgo, rigma, and tyfonas. Pyrgo are "towers" of low-JCN duplications associated with early replicating regions and superenhancers, and are enriched in breast and ovarian cancers. Rigma comprise "chasms" of low-JCN deletions at late-replicating fragile sites in esophageal and other gastrointestinal (GI) adenocarcinomas. Tyfonas are "typhoons" of high-JCN junctions and fold back inversions that are enriched in acral but not cutaneous melanoma and associated with a previously uncharacterized mutational process of non-APOBEC kataegis. Clustering of tumors according to genome graph-derived features identifies subgroups associated with DNA repair defects and poor prognosis.
Introduction
Cancer genomes are shaped by both simple and complex structural DNA variants (SV). While simple structural variants (e.g. deletions, duplications, translocations, inversions) arise through the breakage and fusion of a few (1-2) genomic locations, complex SVs can cause multiple (≥ 2) DNA junctions harboring distinct reference genome topologies and yield one or more copies of complex rearranged alleles (Maciejowski and Imielinski, 2017) . Though many mechanisms have been postulated to explain complex SV patterns (chromothripsis (Stephens et al., 2011) , chromoplexy (Baca et al., 2013) , templated insertion chains (TIC), (Li et al., 2017; Spies et al., 2017) , breakage fusion bridge cycles (Zakov et al., 2013) ), the field has not yet converged to a single unifying framework to identify these patterns in a tumor whole genome sequence. In addition, it is unclear whether some of the clustered rearrangement patterns commonly observed in cancer represent as yet uncharacterized event classes. As a result, the mutational processes driving complex SV evolution are still obscure.
Though the detection of variant DNA junctions (two reference genome locations with orientations joined in one of four basic orientations: deletion-like (DEL-like), tandem duplication-like (DUP-like), inversion-like (INV-like), translocation-like (TRA-like, Fig. S1B ) in WGS is routine, the classification of junctions into events (e.g. deletion, duplication, inversion, translocation) becomes difficult when two or more junctions are near each other. Furthermore, rear- Fig. 1 . Junction-balanced graphs as a novel paradigm for the integrative analysis of rearranged genomes (A) Junction balance analysis (JaBbA) integrates high density WGS read depth data and rearrangement junctions to estimate junction copy number (JCN) and generates coherent models of genome structure. Bottom, a schematic of the mixed integer quadratic program optimization problem which JaBbA solves. (B) Selected applications of JaBbA graphs. Top, JCN refers to the number of copies per cell of a junction. Middle, detection of known and novel complex rearrangement events as subgraphs through the analysis of graph features. Bottom panel, using segmental and junction copy number, feasible reconstructions of allelic haplotypes can be inferred through the deconvolution of JaBbA graphs, which when summed give rise to the observed JaBbA graph. 10X linked-read sequencing (top and middle tracks) can be used to constrain these reconstructions. (C) The number of junction-spanning 10X linked-read barcodes within rearranged loci as detected by JaBbA on WGS data shows high correlation to the estimated JCN. (D) Top, heatmap of the number of shared 10X linked reads between the pair of genomic locations. Bottom, JaBbA output genome graph within 20 kbp of the featured junctions. (E) Cohort of 2,833 tumor/normal pairs across 2,552 patients and 31 tumor types; abbreviations can be found in Table 1 . ESAD and BE have patients with multiple samples. (F) Summary of fitted JCN. Top, purity and ploidy corrected read depth difference between the cis and trans side of breakpoints over the JaBbA-fitted JCN. Bottom, histogram of JCNs in the cohort. Other abbreviations: CN, copy number; Tic, templated insertion chain. rangements and copy number alterations (CNA) are usually analyzed and interpreted separately, despite being two facets of a single genome structure.
In WGS, CNAs are detected as change-points (Chiang et al., 2009) in sequencing read depth along the genome (e.g. BIC-seq (Xi et al., 2011) ) while rearrangement junctions are nominated through the analysis of junction-spanning read pairs (e.g. SvABA , GRIDSS (Cameron et al., 2017) ). CNAs and junctions are, however, intrinsically coupled, since every copy of every non-telomeric segment must have a left (towards smaller coordinates) and a right (towards larger coordinates) neighbor, whether that neighbor is already adjacent on the reference (via reference or REF junction) or introduced through rearrangement (via a variant or ALT junction) (Medvedev et al., 2010; Greenman et al., 2012) . Furthermore, though copy number (CN) is a concept primarily applied to describe the dosage of genomic intervals, a DNA junction may also be present in one or more copies per cell, and thus be assigned a junction copy number (JCN), i.e. the number of alleles harboring the rearrangement at a given locus. We hypothesized that the topology and dosage of both intervals and junctions on genome graphs can provide a source of important features to classify complex SVs and define novel mutational processes. To address this hypothesis, we assembled a dataset of nearly 3,000 WGS cases spanning 31 tumor types. cent in the reference (REF edge) or connected through rearrangement (ALT edge). A junction balanced genome-graph assigns every graph node and edge an integer copy number, while enforcing the constraint that every copy of every interval must have a left and a right neighbor (i.e. in the reference genome, or introduced through rearrangement).
JaBbA takes normalized read depth (across 200 bp bins) and junctions (e.g. nominated by SvABA) as input, and applies a probabilistic model to minimize the residual between observed read depth and inferred interval dosage through joint assignment of copy number to intervals and junctions (Fig. 1A) . The resulting junction-balanced genome graph obeys the network constraints that the dosage of every interval (vertex) is equal to the sum of the copy numbers of incoming (similarly, outgoing) junctions (Fig. S1A) . Since short-read WGS may fail to detect certain junctions (e.g. those connecting one or two low mappability breakpoints), we allow the model to harbor occasional loose ends, which represent CN change-points that cannot be associated with a nearby junction. By penalizing loose ends within the objective function of the model, JaBbA achieves an optimal fit of integer copy numbers genome wide to both segments and junctions, while accounting for incomplete input data.
In our benchmarking experiments (see Methods), JaBbA inferred JCN with consistently higher fidelity than previously published genome graph-based methods (ReMixT (McPherson et al., 2017) , Weaver , PREGO (Oesper et al., 2012) ) across a wide range of tumor purities ( Fig. S1C-D) . In addition, JaBbA consistently outperformed classic (i.e. non-graph based) CNA callers (BIC-seq (Xi et al., 2011) , FACETS (Shen and Seshan, 2016) , TITAN (Ha et al., 2014) , FREEC (Boeva et al., 2012) , CONSERTING (Chen et al., 2015) ) and genome graph-based methods in estimating interval CN amplitude and CN change-point locations across a wide range of tumor purities ( Fig. S1C-F ). This also resulted in closer visual correspondence between fitted graphs and observed read depth patterns ( Fig. S1G) and closer colocalization between rearrangement junctions and CN change-points ( Fig. S1H) . We attribute JaBbA's superior performance to its use of a loose end prior for regularization as well as a global optimization (mixed integer program) rather than a local optimization (expectation maximization for ReMixT, loopy belief propagation for Weaver) algorithm for model fitting.
We orthogonally validated JaBbA's ability to infer JCN from short-read WGS with 10X Chromium linked-read WGS (Fig. 1C-D) . In the breast cancer cell line HCC1954, JaBbAderived JCN estimates closely correlated with the read density of junction-spanning linked-read barcodes (R 2 = 0.88) (Fig. 1C ). This included low copy (JCN=1) junctions connecting both low copy (CN < ploidy) and high copy (CN=14) intervals, as well as high copy (CN=10) junctions ( Fig. 1D) . These results show that JCN is a property that can be robustly inferred from short read WGS and is independent from interval CN.
Pan-cancer analysis of junction-balanced genome graphs. To investigate the topology of junction copy number across cancer, we assembled a dataset comprising 2,833 short-read WGS tumor or cell line samples spanning 31 primary tumor types ( Fig. 1E , Table 1 ). Among these, we generated WGS for 546 previously unpublished WGS tumor/normal pairs, including 199 precision oncology cases from 6 New York City-based cancer centers and 347 premalignant Barrett's esophagus and gastric tumors from 80 patients (Paulson et al., 2019) Fig. 1E , Table S1 (A companion study investigating Barrett's esophagus WGS dataset in detail is currently in preparation). In summary, our analysis included 1,668 WGS samples not currently within the Pan-Cancer Analysis of Whole Genomes (PCAWG) effort, including published studies (Nik-Zainal et al., 2016; Hayward et al., 2017; Baca et al., 2013; Barretina et al., 2012; Frankell et al., 2019) , The Cancer Genome Atlas (TCGA, 1017 cases), International Cancer Genome Consortium (ICGC, 876 cases), or Cancer Cell Line Encyclopedia (CCLE, 326 cases) (Barretina et al., 2012; Ghandi et al., 2019) . Though the majority of our analyzed samples consisted of primary tumors, 283 out of the 2,833 samples were extracted or derived from metastatic tumors.
Application of harmonized pipelines for high-density read depth calculation and junction calling (SvaBA) followed by JaBbA ( Fig. 1A-B ) to these 2,833 samples yielded 2,798 high quality genome graphs (see Methods for quality control and reasons for sample exclusion, also Fig. S5B ). Analyzing junction-balanced genome graph topology, we identified subgraphs associated with previously identified complex rearrangement patterns such as chromothripsis, chromoplexy, and TICs (Fig. 1B , middle) implementing criteria described in previous publications within our framework (see Methods) . Consistent with our 10X Chromium WGS benchmarks (see above) ( Fig. 1C) , we observed wide variation in inferred JCN across our datasets which correlated with observed read depth changes at junction breakpoints. While the vast majority of junctions demonstrated low-JCN (JCN < 4), we observed a long tail of high-JCN (JCN > 7) junctions ( Fig. 1F ).
Low-JCN junctions cluster into towers and chasms.
To distinguish between complex SV patterns associated with low-JCN vs. high-JCN junctions, we identified junction clusters based on their overlapping footprints on the reference and labeled each cluster as high-/ low-JCN on the basis of its highest copy junction. Considering clusters harboring three or more junctions, we found that low-JCN clusters were more likely to be dominated by a single junction type (> 90% representation of that type). Specifically, we found low-JCN clusters were significantly more likely to be predominantly composed of DEL-like (P < 2.2 × 10 −16 , z-test, logistic regression) or DUP-like junctions (P < 2.2 × 10 −16 ) Fig. S2A ).
To rigorously nominate clusters of low copy DUP-like and DEL-like junctions in each tumor sample, we identified genomic genomic bins (1 Mbp width, 500 kbp stride) harboring more low-JCN of a given type (e.g. DEL-like) than expected under a gamma-Poisson background model, employing the total count of other (e.g. non-DEL like) junction classes as a covariate. We found excellent model fits for both DUPlike ( Fig. 2A) and DEL-like ( Fig. 2B) analyses, as shown
Fig. 2. Rigma and pyrgo represent novel patterns of clustered low copy rearrangements A)
Quantile-quantile (Q-Q) plot of observed versus expected p-values illustrating the probability that the observed densities of low copy duplications in 1 Mbp sliding windows falls within the expected gamma-Poisson distribution and expected p-values from a uniform distribution. Red dots indicate sample specific windows that contain density outliers. Top right, an example of a window that contains a high density of DUP-like rearrangements within a sample. We termed this event "pyrgo". Bottom right, a non-outlier window containing a single DUP-like junction. (B) Right, Q-Q plot similar to (A) instead plotting the observed vs. expected p-values of DEL-like junction density within sliding windows. Top left, an example of a window containing a high density of DEL-like junctions within a sample, an event type we term "rigma". Bottom left, a non-outlier window containing a DEL-like event. (C) Fraction of samples within tumor types that harbor pyrgo events. Significantly enriched tumor types (compared to all others) marked by asterisks. Significance levels: *** (F DR < 1 × 10 −3 ), ** (F DR < 0.01), * (F DR < 0.10) (D) Fraction of samples within tumor types that harbor rigma events. See (C) for denoted significance levels. (E) Left, comparison of the fraction of pyrgo footprints vs simple duplication footprints that fall within early, middle and late replicating regions. Right, fraction of pyrgo footprints that overlap with an annotated superenhancer region. (F) Replication timing, comparison of the fraction of rigma footprints and simple deletion footprints that fall within early, middle, and late replicating regions. Fragile sites, comparison of the fraction of rigma with the fraction of simple deletion footprints that overlap with known fragile sites. Gene width, comparison of widths of genes overlapping rigma and deletions. Evolutionary timing, a comparison within the Barrett's cohort, for which multiple biopsies exist, of the fraction of events that occur early (i.e., in multiple samples from the same patient) in simple deletions and rigma. (G) Top, comparison of the total genomic territory covered by chromothripsis events and rigma events. Bottom, the fraction of rearrangements that occur in cis (i.e. on the same predicted haplotype) when the longest possible contigs are inferred from the JaBbA graph. (H) Linked-read sequencing confirming the WGS inferred reconstruction of a rigma event's junctions occur not in cis but on separate haplotypes (i.e. in trans). by quantile-quantile (Q-Q) plots (genomic inflation factor, λ, near 1) harboring a set of significant outliers. In each analysis, non-outlier data points comprised bins harboring visually apparent simple deletions or duplications ( Fig. 2A-B ). Outlier bins in the DUP-like model corresponded to "towers" of low-JCN duplications ( Fig. 2A; Fig. S2C ) that we named pyrgo (πύργος, Greek meaning tower). Outlier loci in the DEL-like models comprised subgraphs of interval CN "chasms" flanked by low-JCN deletions whose interval CN often reached 0 ( Fig. 2B) . We named these patterns rigma (ρήγµα, Greek meaning rift).
We found a significantly increased burden of pyrgo in en- Fig. 2E) . In contrast, rigma events were significantly enriched in late replicating regions (P < 2.2 × 10 −16 , OR = 1.5, ordered logistic regression), fragile sites (P = 3.6 × 10 −13 , OR = 1.95, z-test, logistic regression), and long genes (P < 2.2 × 10 −16 , OR = 1.31), relative to simple deletions ( Fig. 2F) . These results show genomic distributions of rigma and pyrgo that are distinct from simple deletions and duplications, respectively. Overall, the results indicate that rigma and pyrgo arise from mutational processes that are distinct from those driving the accumulation of simple deletions and duplications.
Recurrent hotspots of rigma and pyrgo. To nominate loci that are recurrently targeted by pyrgo and rigma across independent patients, we employed fishHook while correcting for genomic covariates defined above (replication timing, gene width, superenhancer status) ( Fig. S2B-C) . Applying fishHook to find recurrent pyrgo hotspots across 8,642 unique, previously annotated superenhancers (Hnisz et al., 2013 ) (see Methods), we found 16 loci were significantly mutated above background (FDR < 0.1) with excellent model fitting (λ = 1.03, Fig. S2B ). This included a superenhancer associated with the oncogene MYC, targeted by pyrgo in 14 cases spanning 6 cancer types, including 7 esophageal adenocarcinomas (ESAD). Additional recurrent targets of pyrgo included manually annotated Sanger cancer gene census (CGC) genes associated with GISTIC amplification peaks ( Fig. S2B ).
Applying fishHook to analyze rigma recurrence across 18,794 unique genes, we found 17 genes were significantly mutated above background (FDR < 0.1, λ = 1.03) even after correcting for replication timing, gene width, and fragile site status (Fig. S2C ). Among the top loci surviving false discovery correction, FHIT, WWOX, and MACROD2 represent previously identified hotspots of recurrent CNA loss whose significance has been attributed to genomic fragile sites (Zack et al., 2013; Bignell et al., 2010; Beroukhim et al., 2010; Iliopoulos et al., 2006; Fungtammasan et al., 2012; Cheng et al., 2017) . Interestingly, we found numerous CGC genes associated with GISTIC deletion peaks among the rigma targets, including the tumor suppressor CDKN2A (Fig. S2C) . Among the top fishHook hits, FHIT is a 2.3 Mbp gene previously nominated as an esophageal adenocarcinoma tumor suppressor which accumulates rigma in 77% of BE and 38% of ESAD cases, as well as other gastrointestinal tumors ( Fig.  S2D,F) . Taken together, these results suggest that either positive somatic selection or additional genomic features (e.g. chromatin states particular to the cell-of-origin of esophageal cancer) may be driving the recurrence of pyrgo (e.g. MYC) and rigma (e.g. FHIT) hotspots.
Rigma gradually accumulate deletions in trans. Like rigma, chromothripsis is a clustered rearrangement pattern associated with DNA loss. Comparing the footprints of rigma and chromothripsis events across our set of genome graphs, we found that chromothripsis events were one to two orders of magnitude larger in size (chromothripsis median size: 45.07 Mbp; rigma median size: 0.53 Mbp) ( Fig. 2G , upper panel, P < 2.2 × 10 −16 , Wilcoxon test). In addition, we analyzed the allelic structure that is latent in the JaBbA subgraphs corresponding to chromothripsis and rigma events. Specifically, we searched the subgraph associated with each event for a single path or allele that held the most ALT junctions in cis (see Methods). We found that in chromothripsis we were often able to find alleles that placed a higher proportion of the junctions in cis relative to rigma (Fig. 2G , bottom panel, P < 2.2 × 10 −16 , Wilcoxon test). These results were consistent with allelic structure that placed rigma-associated deletion junctions in trans. To validate this pattern, we generated 10X Chromium WGS for a rigma-harboring Cancer Cell Line Encyclopedia (CCLE) cell line in our cohort (NCI-H838) to deconvolve alleles in the JaBbA genome graph. Indeed, our allelic reconstruction found evidence for independent linear alleles in trans orientation ( Fig. 2H , see Methods). Each allele was inferred to have a copy number of one, with the superimposed alleles accounting for every copy of every interval and junction in the short read-derived WGS JaBbA subgraph. Of the four DEL-like junctions associated with this rigma, all but one pair was in trans.
Given the enrichment of rigma in BE, we probed whether these events occurred early or late in BE evolution. Analyzing 347 multi-regionally, and longitudinally sampled paired biopsies (340 esophageal and 7 gastric) taken from 80 BE cases, we found that a rigma event was significantly more likely than a simple deletion to be found in two or more biopsies (P < 2.2 × 10 −16 , OR = 6.69, Fisher test) rather than be private to a single biopsy from each patient ( Fig. 2F , rightmost panel). We concluded that rigma are an early feature of Barrett's esophagus, and may implicate it as an early event in progression to esophageal adenocarcinoma tumorigenesis. Reconstructing the allelic evolution in an early rigma case, we found evidence for successive accumulation of DEL-like junctions, with DEL-like alleles appearing on alleles that had already suffered a previous deletion (Fig. 2I) . These results suggest that rigma represent a gradual SV mutational process that targets late replicating fragile sites and represents an early event in esophageal adenocarcinoma tumorigenesis.
Subgraphs of high-JCN junctions reveal genomic typhoons.
We then sought to investigate the rearrangement patterns associated with high-JCN junctions (JCN > 7) in our genome graphs. A junction at such an extreme of JCN may evolve through a double minute (DM), breakage fusion bridge cycle (BFBC), or as yet undescribed mechanisms for duplicating already rearranged DNA. To characterize independent amplification events associated with these high-JCN junctions, we first identified 12,327 subgraphs among the 2,798 genome graphs harboring an interval CN of at least twice ploidy (Fig. 3A) , identifying among these high-level amplicons (amplified clusters within a genome) those that harbor at least one junction with JCN > 7. Among these 1,675 high-level amplicons, we annotated them according to several features: 1) the maximum interval CN in the subgraph (MICN), 2) the maximum JCN normalized by MICN (MJCN), 3) the summed JCN associated with fold back inversion junctions (INV-like junctions that terminate and begin at nearly the same location in the genome, see Methods) normalized by MICN (FBIJCN), and 4) the total number of high-JCN junctions (NHIGH) in the cluster (Fig. 3B) .
Hierarchical clustering of amplicons on the basis of these three features yielded three major groups, one associated with low FBIJCN and two associated with high FBIJCN (Fig. 3B) . We trained a decision tree (see Methods) using the hierarchical cluster labels to derive the feature cutoffs that distinguished these three groups from one another. The low FBIJCN group, contained a subgroup with MJCN near 1, which upon inspection contained amplicons comprising a single high-JCN junction forming a high copy circular path in the graph (Fig. 3C) , as well as more complex cyclic patterns spanning multiple discontiguous loci. These patterns were most consistent with DM. Among the two high FBI-JCN group (FBIJCN > 0.61), there was a class of amplicons with low NHIGH values (< 27), which upon manual review comprised loci with patterns consistent with breakagefusion-bridge cycles (BFBC), i.e. multiple high copy FBI junction associated with "stairstep" patterns of copy gains ( Fig. 3D) (Garsed et al., 2014) . The third group, contained both high FBIJCN (≥0.61) and a large NHIGH count (≥27) which comprised dense webs of high-JCN junctions across subgraphs comprising > 100 Mbp of genomic material and often reaching copy numbers higher than 50. We dubbed these extremely large amplicons, which did not fit in a previously defined category, tyfonas (τύφωνας, Greek meaning typhoon) ( Fig. 3E ).
Tyfonas are distinct amplification events from BFBC and DM. Comparing additional features of these high-level amplicon patterns, we found that tyfonas were associated with significantly larger genomic mass (summed interval width weighted by copy number) than either BFBC or DM (tyfonas vs. BFBC: P < 2.2 × 10 −16 ; tyfonas vs. DM: P < 2.2 × 10 −16 , Wilcoxon rank-sum test) and also had a greater MICN (tyfonas vs. BFBC: P < 2.2 × 10 −16 ; tyfonas vs. DM: P < 2.2 × 10 −16 . Fig. 4A ). While DMs were enriched in glioblastoma, breast cancer, and small cell lung cancer, BFBCs were enriched in lung squamous cell cancer and head neck squamous (FDR < 0.1, Fisher test, Fig. 4B ). Tyfonas were enriched in sarcoma, breast cancer and melanoma (FDR < 0.1, Fisher test). In particular tyfonas were found in over 80% of dedifferentiated liposarcomas and 40% of acral melanomas, and rarely observed (< 2%) in fibrosarcomas and cutaneous melanomas. All three event types were enriched in ESAD. We analyzed the distribution of BFBC, DM, and tyfonas events across GISTIC peaks containing CGC cancer genes ( Fig. 4C) . DM were most frequently implicated in the amplification of EGFR and NFE2L2. BFBC were most frequently implicated in ERBB2, CDK6, and CCND1 ampli- fication. Finally, MDM2, CDK4, and NSD1 were the most frequent oncogenic target of tyfonas.
Tyfonas junctions are enriched in non-APOBEC kataegis. To explore whether distinct mutational processes were implicated in the genesis of BFBC, DM, and tyfonas, we examined the patterns of somatic hypermutation around rearrangement breakpoints, also called kataegis. Junction breakpoints can be associated with a cis side that is fused following rearrangement and a trans side that (in the majority of junctions) is lost following rearrangement. Plotting SNV density across all junctions in our dataset with respect to a standard frame (shown in Fig. 4D ) and normalizing to the density on the trans side shows a distinct pattern of hypermutation on the cis side which is most prominent in the first 1 kbp. Applying a gamma-Poisson regression model to quantify the enrichment of mutation counts in the first cis 1 kbp relative to the first 5 kbp territory on the trans side (from 0 kbp to 5 kbp away from the breakpoint) allows us to statistically assess the presence of kataegis and differences in the degree of kataegis between junction and SNV categories (see Methods).
Kataegis has been classically associated with APOBEC mutagenesis, which can be defined using previously defined COSMIC Signatures 2 and 13 (Alexandrov et al., 2013; Nik-Zainal et al., 2012) .
Strik-ingly, our results demonstrate statistically significant kataegis both within and outside of the APOBEC context ( Fig. S3A-D) . Analyzing APOBEC-associated SNV signatures, we found no significant differences in kataegis between BFBC, DM, and tyfonas, and baseline junctions (i.e. those not associated with a high-level amplicons) ( Fig. 4E , top row). However, we found that DM (P < 2.2 × 10 −16 , RR = 1.27, z test, gamma-Poisson regression) and tyfonas (P < 2.2 × 10 −16 , RR = 1.62, z test, gamma-Poisson regression) were enriched in non-APOBEC kataegis relative to baseline, with tyfonas showing a statistically significant increase in kataegis relative to DM (P = 1.01 × 10 −3 , RR = 1.28) and BFBC (P = 1.64 × 10 −6 , RR = 1.43) (Fig. 4E, bottom row) . These results show that tyfonas are enriched in a previously undescribed mutational process causing non-APOBEC hypermutation around junctions.
Genome graph features define distinct tumor clusters.
Tallying counts of genome graph-derived SV patterns across previously characterized simple (deletions, duplications, inversions, inverted duplications, translocations) and complex (chromothripsis, chromoplexy, templated insertion chains) event classes as well as the novel patterns introduced above (pyrgo, rigma, tyfonas) allowed us to group 2,798 tumor/normal pairs into 13 distinct clusters ( Fig. 5A, Fig.  S4A ). We labeled these clusters according to the particular event types that were enriched among them (except for the Quiet cluster which displayed a dearth of events), including clusters associated with previously identified event types such as the CT (chromothripsis) and CP (chromoplexy) cluster. Consistent with previous reports, the CT cluster was significantly enriched in prostate adenocarcinoma (PRAD) (P = 6.16 × 10 −10 , OR = 4.05, z-test, logistic regression) and glioblastoma multiforme (P = 1 × 10 −4 , OR = 3.00, z-test, logistic regression) ( Fig. 5B) . Similarly, we found that the CP (chromoplexy) cluster was significantly enriched in PRAD (P = 3.21 × 10 −10 , OR = 4.85). DDT tumors (defined by deletions, duplications, and templated insertion chains) were enriched in breast and ovarian cancer as well loss of function mutations in several genes notably involved in DNA repair ( Fig. 5C ): More than 30% of cases in the DDT cluster harbored loss of function lesions in BRCA1, which was statistically significantly enriched above baseline even after correcting for tumor type (P = 3.20 × 10 −7 , OR = 165.67).
In addition, we found that DDT tumors were also enriched in somatic loss of function mutations in RB1, even after correcting for tumor type (P = 1.95 × 10 −5 , OR = 219.20).
Inspection of the clustered heatmap in Fig. 5A showed that the novel event categories introduced in this study (pyrgo, rigma, tyfonas) were distributed independently relative to previously identified complex event types (DMs, BFBCs, Chromothripsis, Chromoplexy) Supporting this assertion, we found three clusters (BR, PYR, TYF) defined by the enrichment of at least one of these novel event types. The BR (BFBC, Rigma) cluster was almost 60% composed of ESAD cases (P < 2.2 × 10 −16 , OR = 9.87, z-test, Bayes logistic regression) ( Fig. 5B) . BR-cluster tumors were also significantly enriched in somatic TP53 mutations (P < 2.36 × 10 −9 , OR = 6.26) ( Fig. 5C ) as well as germline TP53 mutations (P = 1.4 × 10 −4 , OR = 5.51) (Fig. S4B) . In addition, tumors in the BR cluster were significantly enriched in CDK12 loss of function mutations (P = 1.58 × 10 −5 , OR = 3.39). The TYF (tyfonas) cluster was enriched in breast cancer, dedifferentiated liposarcoma, and acral melanoma. In contrast, cutaneous melanomas were enriched in the CT cluster, while mucosal melanomas were enriched in the DM cluster. The TYF cluster also harbored an increase in CDK12 loss of function mutations relative to baseline ( Fig. 5C ).
We then asked whether the observed clusters demonstrated significant overall survival differences. Indeed, Kaplan-Meier analysis showed that several clusters were significantly associated with poor survival relative to the Quiet cluster, including BR, PYR, and TYF ( Fig. 5D , FDR < 0.1, log rank test). This negative prognostic impact was still statistically significant for BR (P = 1.46 × 10 −4 , HR = 2.54, likelihood ratio test, Cox regression), PYR (P = 6.08 × 10 −3 , HR = 2.34), and TYF (P = 9.70 × 10 −3 , HR = 2.32) even after adjusting for the distribution of tumor types, overall SV burden, tumor mutation burden (TMB), TP53 mutation status, and metastatic vs. primary sample status in a multivariate Cox regression analysis (Fig. 5E) . These results show that the novel genome-graph-derived features introduced in this study define biologically distinct tumor clusters which are enriched in specific DNA repair defects and show distinctly poorer prognosis, even after taking into account known determinants of survival. 
Discussion
Our genome graph based framework establishes the topology of JCN as an important signal for classifying complex SV patterns in cancer. By leveraging statistical deviations in the genomic distribution of JCN and the topology of junction-balanced genome graphs, we nominate three novel event types: pyrgo, rigma, and tyfonas. The regional, genotypic, and tumor type enrichment of these previously undescribed complex SV patterns is consistent with these being the product of specific mutational processes, distinct from those driving previously identified complex rearrangement patterns (chromothripsis, chromoplexy, BFBC). These may either be driven by cell-of-origin features (e.g. chromatin state, replication timing), tissue type specific mutagens, or the inactivation of specific genome integrity pathways. We provide the full set of 2,798 annotated genome graphs as a data portal http://mskilab.com/gGraph which can be explored through our custom gGnome.js genome graph browser.
Our data show that rigma likely arise from an early and ongoing accumulation of deletions at large and late replicating genes.
These locations are enriched, but not perfectly associated, with previously annotated fragile sites defined through cell culture experiments involving exposure to aphidicolin, cytosine analogs, and dNTP depleting compounds (Schwartz et al., 2006) and mapped by cytogenetics (Fungtammasan et al., 2012) or exon trapping (Ohta et al., 1996) . An intriguing possibility is that a subset of these rigma represent additional previously unannotated genomic fragile sites, which may be important for the study of other diseases (e.g. development delay or autism).
The recurrence of rigma at FHIT and other fragile-site associated genes (e.g.
WWOX, MACROD2) suggests that replication timing and gene size, although highly correlated with chromosomal fragility (Mrasek et al., 2010; Iliopoulos et al., 2006) do not fully account for their accumulation in hotspots. Though some of these rigma hotspots may be bona fide drivers, another possibility is that there are uncharacterized or cell-type specific features of the cell-of-origin chromatin state that causes these events to recur at particular genes. The preference of rigma for ESAD (and more broadly GI cancers) suggests that these unique chromatin features may be found through the analysis of cell types in the healthy GI epithelium (e.g. through single cell approaches, or cell sorting and chromatin profiling). These findings complement recent discoveries demonstrating unprecedented somatic genomic complexity in normal epithelial tissues (Lee-Six et al., 2019; Martincorena et al., 2018; Brunner et al., 2019) .
Our analysis of high-level amplicons identifies three distinct groups of copy-amplifying events, which we label broadly as BFBC, DM, and Tyfonas. A key question is whether tyfonas are extrachromosomal like DM (Verhaak et al., 2019) , or integrated into chromosomes like BFBC. We found that both the maximum interval CN of tyfonas and the genomic footprint of these events is an order of magnitude higher than DM or BFBC. The enrichment of tyfonas in over 80% of dedifferentiated liposarcomas and clustering to the MDM2 / CDK4 locus on chromosome 12q suggests that these events represent supernumerary ring chromosomes described in classic cytogenetics studies of this disease (Reimann and Fletcher, 2008) . A previous cell line study of dedifferentiated liposarcomas suggested that these characteristic amplifications may arise as extrachromosomal DNA which grows to a large size and accumulates additional junctions through a "circular BFBC" mechanism, before eventually acquiring a centromere and becoming a neochromosome (Garsed et al., 2014) . Interestingly, supernumerary rings have not been previously associated with acral melanoma, though cytogenetics studies have been limited in this disease.
Our discovery of non-APOBEC driven hypermutation around DNA rearrangement breakpoints has not been (to our knowledge) previously reported. Though our analyses employ one of the several definitions of APOBEC driven mutagenesis (COSMIC Signatures 2 and 13), we obtain very similar findings with broader or alternate definitions of APOBEC mutagenesis (e.g. GC-strand coordinated clusters (Roberts et al., 2013) , TpC mutations (Nik-Zainal et al., 2012)) ( Fig.  S3A) . Intriguingly, if tyfonas and DM are both extrachromosomal, the enrichment of non-APOBEC kataegis in these events (but not BFBC) may represent the footprint of a novel SNV mutational process that affects rearrangement junctions arising in extrachromosomal DNA. The relative enrichment of non-APOBEC kataegis in tyfonas relative to DM may then reflect the higher burden of (late) extrachromosomal-derived junctions in these events.
The enrichment of tyfonas in acral but not cutaneous melanomas provides intriguing context for the observation that both of these melanoma subtypes are responsive to immune checkpoint inhibition (ICI) therapy (Shoushtari et al., 2016) . While the ICI responsiveness of cutaneous melanoma is attributed to the accumulation neoantigens arising from UV-driven SNVs, acral melanomas harbor few SNVs because they arise in sun-protected regions (e.g. feet). An intriguing possibility is that the massive degree of rearrangement and amplification induced by tyfonas events may serve to generate neoantigens and thus explain the responsiveness of acral melanomas to ICI. If so, the analysis of genome graphs and identification of tyfonas could be applied clinically in other tyfonas-harboring tumor types (e.g. small cell lung cancer) as a WGS biomarker to nominate patients for ICI therapy.
Our genome graph-based cancer classification provides novel links between specific genome integrity pathways and SV evolution. The significant enrichment of BRCA1 mutations in the DDT cluster suggests a previously unidentified link between homologous repair deficiency and templated insertion chains. Previous mouse model and cell line studies have linked BFBC evolution to TP53 loss (Bianchi et al., 2019; Gisselsson et al., 2000) . The enrichment of both inherited and acquired TP53 mutations in the poor-prognosis and esophageal adenocarcinoma-associated BR cluster provides some of the first evidence in human disease linking TP53 to the evolution of BFBC. Interestingly, the inclusion of BR cluster membership corrects for the negative prognos-tic impact of TP53 mutation status in our multivariate model of survival. These results may indicate that TP53 mutations may drive the evolution of a particularly aggressive subtype of esophageal adenocarcinomas, which is marked by the accumulation of rigma and BFBC.
Our study demonstrates the importance of JCN and graph topology in the characterization of complex SV in cancer. However, a considerable fraction of the junctions in our dataset remained unclassified with respect to any of the 14 complex rearrangement event patterns that we have catalogued and/or introduced (40%, Fig. S5A ). Some of this gap can be attributed to missing junctions in short read WGS, which introduce loose ends into the graph and fracture the subgraph structure around copy number alterations. Missing junctions occur due to sampling (ie inadequate purity and/or read depth) or mappability limitations in the sequencing platform (junctions arising in repetitive sequence) and can be overcome with additional sequencing as well as longer molecules (Sedlazeck et al., 2018) .
Our genome graphs provide a starting point for rigorous classification of complex SV patterns, but only lend partial insight into mechanism. For example, it is unclear whether pyrgo represent another facet of the "tandem duplicator phenotype" (Menghi et al., 2016; Viswanathan et al., 2018; Willis et al., 2017) or arise from a completely independent mechanism. Additional mechanistic insight into the genesis of complex SV will likely require the consideration of junction phase, as shown with our 10X Chromium WGS analysis of rigma. Though our JaBbA-derived genome graphs provide a starting point to deconvolve phased alleles across complex loci in short read WGS, these locus reconstructions usually yield multiple solutions in the absence of long-range genome profiling data (10X Chromium WGS, Pacific Biosciences, Oxford Nanopore Technologies, Hi-C, BioNano) (Sedlazeck et al., 2018) . In addition, integration of SV (and/or SNV) derived features using topic models or non-negative matrix factorization may help link linear combinations (i.e. signatures) of complex SV types to environmental exposures and DNA repair defects (Macintyre et al., 2018; Funnell et al., 2019; Alexandrov et al., 2013; Nik-Zainal et al., 2016) . Comprehensive characterization of the long-range allelic phase of complex SV across large clinically annotated cohorts, leveraging multi-regional and/or single cell sequencing, will be essential to gain insight into the mutational mechanisms underlying SV evolution.
Software Availability. Software used in this paper can be found in the following GitHub repositories: Zack, T. I., Schumacher, S. E., Carter, S. L., Cherniack, A. D., Saksena, G., Tabak, B., Lawrence, M. S., Zhang, C.-Z., Wala, J., Mermel, C. H., Sougnez, C., Gabriel, S. B., Hernandez, B., Shen, H., Laird, P. W., Getz, G., Meyerson, M. and Beroukhim, R. (2013) . Pan-cancer patterns of somatic copy number alteration. Nature Genetics.
Zakov, S., Kinsella, M. and Bafna, V. (2013) . An algorithmic approach for breakage-fusion-bridge detection in tumor genomes. Proc. Natl. Acad. Sci. U. S. A. average peak height (fragment size) of ≥400 base pairs. Libraries were sequenced on HiSeq X machines (Illumina) to gen-56 erate paired-end 2x150 base pair reads. Reads were aligned to the GRCh37/hg19 reference using Burrows-Wheeler aligner 57 software (Li and Durbin, 2009) (bwa aln, v.0.7.8) . Best practices for post-alignment data processing were followed through 58 use of Picard (https://broadinstitute.github.io/picard/) tools to mark duplicates, the GATK (v.2.7.4) 59 (https://software.broadinstitute.org/gatk/) IndelRealigner module, and GATK base quality recali-60 bration.
61
10X Chromium linked-read whole genome sequencing. Three cell lines, HCC1954, HCC1954BL, and NCI-H838, were 62 subjected to 10X Chromium linked-read whole genome sequencing.
63
High molecular weight (HMW) genomic DNA (gDNA) was extracted using Qiagen MagAttract HMW DNA Kit (Qiagen, 64 Germany) according to the suggested protocol. Approximately 2 million fresh cells were lysed, HMW gDNA was captured by 65 magnetic particles MagAttract Suspension G, then the magnetic particles with HMW gDNA was washed in wash buffer and 66 eluted in EB Buffer (10 mM Tris-HCl, pH 8.5). The HMW gDNA had a mode length at 50 kb and max length 200 kb, as 67 estimated on a separate 75V pulse-field gel electrophoresis (BluePippin 5-430kbp protocol).
68
The 10X sequencing library preparation was done using Chromium Genome Library Kit v2 (Lot 152527, 10X Genomics) 69 following the protocol ChromiumTM Genome v2 Protocol Time Planner. 1 ng of extracted HMW gDNA was used to prepare 70 a 150 bp (insert size) paired-end library, with an average fragment length of 625 bp (ranging from 300 to 2000 bp, measured on 71 Bio Analyzer High Sensitivity DNA Kit, Agilent). The prepared library was sequenced on Illumina NovaSeq 6000 Sequencing 72 system with S4 flow cells, to average read depth of about 45X and physical coverage of 167X for HCC1954, 60X and 143X for 73 HCC1954BL, 33X and 173X for NCI-H838. All the 10X linked reads were aligned with Long Ranger (v2.1.3, 10X Genomics). 74 JaBbA mathematical formulation. Below, we formally define a reference genome, genome graph, and junction-balanced 75 genome graph (JBGG). We show how we construct genome graphs from junctions and breakpoints obtained through the analysis 76 of cancer whole genome sequences (WGS). We then define the JaBbA algorithm to infer JBGGs by fitting integer vertex and 77 edge weights to high-density WGS read-depth data through the solution of a mixed integer quadratic program (MIQP).
78
Reference genome. Let the reference genome C comprise c pairs of strings, labeled C i and C −i , i ∈ 1, . . . , c. Each string pair 79 i ∈ 1, . . . , c is called a chromosome, and each string in that pair is called a strand. We use C i and C −i to refer to "positive" 80 and "negative" strands of chromosome i, each having length L i ∈ N. We use brackets to refer to substrings on these strands 81 e.g. C −i [q, r] refers to the substring beginning at position q and ending at position r (inclusive) where q ≤ r ∈ 1, . . . , L i . We 82 also use C i q as a shorthand for C i [q, q] . Every position C i q has a "reverse complement" (RC) position C −i q . Similarly, every 83 substring C i [q, r] has an RC substring C −i [q, r] .
84
Breakpoints and junctions. To describe a rearranged and copy number altered reference genome, we partition C according to 85 a collection of breakpoints B. We also define a set of junctions A representing alternative adjacencies between a set of the 86 breakpoints in B. Each B i ∈ B, i ∈ 1, . . . , c is an ordered and unique sequence of integer coordinates . . . , c representing a (3'-5' phosphodiester) bond between the position r 1 + −sgn(i 1 )+1 2 on chromosome / strand 89 C i 1 and position r 2 + sgn(i 2 )+1 2 on chromosome / strand C i 2 . For every adjacency A = (i 1 , r 1 , i 2 , r 2 ) ∈ A we require A 90 to contain the reverse complement adjacencyĀ = (−i 2 , r 2 , −i 1 , r 1 ). The adjacencies in A are "alternative" relative to a 91 set of "reference adjacencies" R implied by . . . , c. 93 Genome graph. A genome graph is a directed graph G = (V, E, ψ, φ) whose vertices v ∈ V represent strands of DNA sequences, 94 and whose edges e = (v 1 , v 2 ) ∈ E(G) represent genomic adjacencies (i.e. 3-5' phosphodiester bonds) joining two DNA 95 sequences, where v 1 , v 2 ∈ V (G) Fig. S1A . The mapping ψ : V (G) ∪ E(G) → {'I', 'L', 'T ', 'R', 'A'} is a partition of vertices 96 and edges into key "classes", which we refer to with subscripts, e.g. V I (G) represents the set of vertices v for which ψ(v) = 'I'. 97 A second mapping φ(v) = (i, q, r) maps vertices v ∈ V I in G to tuples of integer coordinates representing substrings C i [q, r] 98 of reference genome sequence C. For shorthand, we use V = V (G) and E = E(V (G)) when the context is obvious. We also 99 use E(v) ⊆ E(V ) to refer to the edges associated with a single vertex v, and refer to the incoming ("5'") and outgoing ("3'") 100 edges of a vertex v as
The set V is partitioned to "internal" vertices V I and sequence "ends" V N , where V = V I ∪ V N . The ends in V N = V T ∪ V L 102 further comprise reference ends V T and "loose" ends V L . The set of edges E is partitioned into reference edges E R , alternate 103 edges E A , and loose end edges E L connecting internal and loose end vertices, where E = E R ∪ E A ∪ E L . E R also contains 104 reference edges connecting (telomeric) internal vertices V I with their reference-adjacent ends V T . We apply subscript notation 105 to refer to incoming and outgoing edges of vertices, e.g.
to denote the 106 (single) loose end edge that is upstream and downstream of a vertex v, respectively. Junction-balanced genome graph. We define a mapping κ : {V I ∪ E} → N of non-negative integer copy number (CN) to vertices and edges of G, where κ(v), v ∈ V I and κ(e), e ∈ E represent the CN of vertex v and edge e, respectively. The 109 principle of junction balance constrains the CN of every vertex to be equal to the sum of its incoming edges and the sum of its 110 outgoing edges. Formally, the junction balance constraint is stated as follows:
In addition we require the CN κ to obey skew-symmetry, which means that every vertex must have the same copy number as its
We call the combination (G, κ) for which κ satisfies Eqs. S1-S2 a junction-balanced genome graph (JBGG).
114
Inferring JBGGs from stromally admixed tumor samples. We infer JBGGs from WGS read depth and junction data through 
The log likelihood is
where N (µ, σ 2 ) is the Gaussian probability density function with mean µ and standard deviation σ 2 and V(v, κ, µ(κ(v) )) 2 is the read-depth residual of vertex v. The standard deviation σ(v) is a κ-independent con-126 stant which is computed directly from the data, e.g. by taking the sample standard deviation across all verticesσ(v) =
is a complexity penalty. Adding the log likelihood in Eq. S5 to the prior in Eq. S6 yields a penalized log likelihood for 141 the data with regularization parameter λ. Under this model, the maximum a posteriori probability (MAP) estimate of κ will 142 minimize the function
which combines the quadratic read depth residual V and 1 -norm complexity penalty R into a single quadratic objective. In 144 practice, we also consider models that penalize the number of loose ends with nonzero copy number, i.e. applying an 0 -norm 145 penalty R(κ)
. We use f to define a MIQP, which we solve to infer a MAP 146 estimate for κ given data X and genome graph G:
The resulting MAP estimateκ defines the JBGG (G,κ) which is outputted and returned to the user.
148
JaBbA pipeline. Junction Balance Analysis (JaBbA, https://github.com/mskilab/JaBbA) is an R package freely 149 available under the MIT license. The only two required inputs to JaBbA are high density read depth data X and a set of 150 junctions A (see mathematical formulation above). The key output is a gGraph object representing the junction-balanced 151 genome graph, which is further queried and analyzed using the gGnome package (https://github.com/mskilab/ 152 gGnome). The workflow of JaBbA is composed of three phases: preprocessing, model fitting, and postprocessing.
153
Preprocessing. During the preprocessing phase, the input coverage and junction data is transformed with Algorithm S1 into a 154 genome graph without copy number that 1) divides the reference genome into internal vertices v I ∈ V I each of which will be 155 assumed to have a coherent CN, and 2) establishes edges e ∈ E = E R ∪ E A ∪ E L that each represents an adjacency consistent 156 with the reference genome (REF edge, E R ), created by an rearrangement junction (ALT edge, E A ), or a unmatched breakend 157 (loose end, E L ). The ends of the vertices are the union of junction breakpoints getBreakpoint(A) and a primary segmentation 158 of the genome B seg using the Circular Binary Segmentation algorithm (Olshen et al., 2004 ) (CBS), or from user input. At this 159 stage, the purity α and ploidy τ are also inferred with any of the three built-in methods namely a custom least squares grid search 160 ppgrid (available within JaBbA), package Ppurple (https://github.com/mskilab/Ppurple) a probabilistic 161 purity and ploidy estimator, and package Sequenza (Favero et al., 2015) . Purity and ploidy estimates can also be provided by 162 user input. See below for pipeline used for the full study.
163
JaBbA model fitting. With the coverage data mapped on each vertex X(v), robust meanμ (v) and varianceσ 2 (v) of each 164 internal vertex v ∈ V I in the genome graph are estimated and they determine the mapping from an integer CN state κ(v) to the 165 read depth residual sum of squares V(v, κ, X) laid out in Eq. S4. Combining with the user defined loose end penalty λ (default 166 100, tuned for 200 bp binned tumor-normal pairs), the MIQP problem (Eq. S9) is solved on the genome graph. The solver is 167 CPLEX (v12.6.2, IBM).
168
Postprocessing. After the optimization with CPLEX, we further simplify the solution by merging neighboring vertices of the 169 same total CN that are connected only through REF edges. When a normal control is present, we also annotate the allelic 170
. At each of the germline heterozygosity sites, the allelic read 171 counts are tallied, total integer copy numbers from JaBbA mapped, and SNP specific ploidy is calculated as the mean of 172 total CN across heterozygosity sites. The series of centers in allelic read count space corresponding to each integer somtic 173 copy number state are then corrected the same way as described in Eq. S3. The integer CN state for the low count allele 174 is then determined by maximum-likelihood under a Poisson distribution assumption of allelic read counts. The final output 175 is then saved into a gGraph object that can be manipulated, visualized, and analyzed with the gGnome R package (https: 176 //github.com/mskilab/gGnome) and gGnome.js browser (https://github.com/mskilab/gGnome.js).
177
Iterative junction rescue. By default, we recommend using the unfiltered SvABA candidate junction calls as the input to JaBbA, 178 which will invoke an iterative fitting procedure that starts with the high-confidence calls then gradually consider extra low-179 confidence candidate junctions that would otherwise be filtered out by SvABA due to insufficient read support. Only the low-180 confidence junctions near (<1 kbp) a loose end from the last iteration are considered in the next, in the hope that their integration 181 can further reduce the loss function. Such procedure is particularly beneficial to the sensitivity of the graph reconstruction when 182 the purity, sequencing coverage fluctuate, and performs slightly better than JaBbA.un which uses the union of three junction 183 callers at lower sample purities (Fig. S1D) .
Quality control. From the 2,833 WGS sequenced samples, we excluded 35 samples from the analysis due to these reasons: 5 did not optimize within JaBbA successfully, 1 failed complex event annotation due to an extremely large number of incorporated Chromoplexy. Chromoplexy as first described in (Baca et al., 2013) can be identified by a series of reciprocal (or nearly-238 reciprocal, with small deletion bridges between adjacent breakpoints) long-range junctions. Accordingly, chromoplexy was 239 identified from a pool of low-JCN (≤ 3) edge clusters in which junction breakpoints are no further than 10 kbp away from the 240 next junction breakpoint. Edge clusters that contained at least 3 junctions that span more than 10 Mbp on the reference, and 241 whose footprints occupied at least 3 discontiguous genomic territories separated by >10 Mbp on the reference were called as 242 chomoplexy events.
243
Templated insertion chains (TICs). We nominated templated insertion chain (TIC) events that result from short insertions that 244 involve more than 1 junction, usually resulting in a gain of copy of all loci within the event, or linking disparate loci through 245 shorter segmental "hops" within the genome. This likely is the result of replicative error mechanism, involving template 246 switching, which parsimoniously explains the resultant rearrangement topology (Li et al., 2017) . To capture this, the following 247 procedure was used. Breakpoints identified across the whole genome were ordered onto reference coordinates, and pairs of 248 breakpoints that fall within an interval of ≤ 500 kbp and ≥ 50 kbp of each other were kept as candidates. These candidate 249 breakpoint pairs must have contained 2 breakpoints of +, − (i.e. right-facing, left-facing) orientation when reading from 250 left to right on reference coordinates with each breakpoint originating from 2 separate junctions. A new graph with vertices 251 comprising each candidate junction pair as vertices and edges comprising connections between junction pairs (linked by short 252 candidate intervals between breakpoints) was constructed. All paths (i.e. walks) through the graph that traverse through at least 253 2 vertices/junctions were obtained. ALT junctions within each walk traversed on this graph were then labeled as unique TIC 254 events.
255
Simple translocations, inverted duplications, and inversions. We called inversions (inv), inverted duplications (invdup), and 256 translocations (tra). Inversions and inverted duplications were both defined as pairs of overlapping, oppositely oriented, INV-257 like junctions of the same JCN as well as equal left and right vertex CN, with no third junction or a loose end interfering. We 258 defined translocations as single or reciprocal pairs of TRA-like junctions connecting two different reference chromosomes that 259 are not connected by any other junctions. 260 gGnome.js visualization portal. To visualize the genome graphs we developed gGnome.js (source code at https: 261 //github.com/mskilab/gGnome.js), a Javascript based genome browser that draws genome rearrangement graphs 262 and allows for interactive browsing in any number of discontinuous genomic intervals accompanied by various types of genomic 263 annotations. The flexibility of arbitrary window browsing provided crucial support for complex rearrangement events. The 264 annotations of events were indexed within the browser and can be searched and presented. Thanks to the interface with gGnome 265 we could visualize any genome graph, like the ones whose CN is inferred by other graph callers, or even plain genome graphs 266 without CN.
267
Cancer genome analysis. Harmonized pipelines for junction detection, high-density read depth estimation, purity / ploidy 268 inference, somatic SNV / indel calling, and loss of function mutation calling were applied to the full dataset of 2,833 WGS 269 cases as described below. Several standard analyses for mutational interpretation, signature inference, and APOBEC analyses 270 were performed.
271
Junction detection. Somatic structural variant (SV) calls were obtained using SvABA , without filtering, 272 based on the optimal settings for input into JaBbA (see above). To eliminate germline artifacts, we additionally obtained 273 germline SVs available through SvABA and constructed a panel of normals (PON) consisting of all identified germline SV 274 across the 1,017 TCGA tumor/normal pairs. All germline SVs were de-duplicated by overlapping every pair of SV breakpoints 275 within a 1,000 base pair window. All sets of overlapping SVs were collapsed into one unique SV. Somatic SV calls were then 276 filtered through this PON. For the CCLE cell lines for which a paired normal does not exist, we used standard WGS from 277 HCC1143BL as the normal reference sample to call SVs. Germline SVs were then filtered using the above described PON.
278 Read depth. We obtained a coverage profile for every BAM alignment in our cohort, extracting read counts for every 200 base 279 pair tile across hg19 reference coordinates via samtools (v1.9) and adjusted the tile-level read counts by locally estimated 280 scatterplot smoothing (function loess within R) fitting them against the mappability score and GC proportions for each tile 281 as covariates. We then obtained an initial copy segmentation profile by inputting paired tumor coverages to corresponding 282 normal coverages into a modified implementation of the Circular Binary Segmentation algorithm (Olshen et al., 2004) . As a 283 normal coverage profile for the CCLE cases, we used a composite of the 1,017 TCGA normal coverage profiles comprised of 284 the average of the 200 bp bins across all autosomal chromosome coordinates. For bins on X and Y chromosomes, we doubled 285 the X and Y coverage from males and then averaged the X and Y coverages from males and females combined to create a 286 uniform coverage profile serving as a universal normal for the unpaired CCLE samples.
287
Purity and ploidy estimation. For all cases with a tumor and normal pair, we obtained germline heterozygous SNP allele counts 288 by intersecting SNV sites present in both tumor and normal with SNPs from HapMap 3.3. We obtained purity and ploidy 289 estimates for all samples through Sequenza (Favero et al., 2015) , TITAN (Ha et al., 2014) or a custom least squares grid set, while keeping track of the actual rearranged haplotypes. In the end, it generates a coherent FASTA file of the rearranged 343 genome guided by the haplotypes encoded in lists of reference genomic ranges. We then simulated sequencing reads from 344 this FASTA file with ART read simulation software (Huang et al., 2012) to an average depth of 40X and aligned them to the 345 reference genome hg19 to obtain the simulated BAMs. Trivially, the reference genome itself is also subjected to the same in 346 silico sequencing to provide as normal controls. We did 40 distinct simulations with different subsets of varying size extracted 347 from the junctions identified in HCC1143 breast cancer genome. In addition to these simulated BAMs, we also obtained WGS 348 for HCC1954 breast cancer cell line and HCC1954BL the corresponding normal fibroblast cell line. Finally, we take these 349 BAM files together, downsampled and mixed reads from matching tumor and normal to a series of ten tumor read proportions, 350 from 0.1, to 1.0, mimicking the stromal cell admixture of real tumor samples. We created four technical replicates at each of 351 the ten purity levels, and ended up with 40 pairs of tumor and normal BAM files for the 40 distinct simulated genomes and 352 HCC1954, respectively.
353
Benchmarking JaBbA. In the simplest terms, reconstructing genome graphs consists of two tasks: estimating junction copy 354 numbers and DNA segment copy numbers. A junction is said to be incorporated in the genome graph if it is assigned non-zero 355 copy number. Thus, a genome graph reconstruction method's performance can be evaluated from these two main aspects, 356 1) incoporating correct junctions and estimating the exact JCNs, and 2) faithfully segmenting the genome and estimating 357 CNAs. We compared JaBbA's performance in both aspects against three other genome graph reconstruction methods (PREGO, 358 Weaver, and ReMixT), and specifically in segmental CN estimation with five extra somatic CNA callers that do not infer 359 genome graphs (BIC-seq, FACETS, TITAN, FREEC, CONSERTING).
360
To make a fair comparison, all four genome graph reconstruction methods received harmonized junction inputs consisting of 361 the union of SvABA, Delly, and Novobreak ("union junction set") as input junctions. Additionally, JaBbA and Weaver 362 also ran with their respective default recommendations, JaBbA's being SvABA unfiltered candidates and Weaver's its internal 363 junction caller. To differentiate these two extra settings, in Fig.S1C -H, the version of JaBbA and Weaver with union junction 364 set input were labeled as JaBbA.un and Weaver.un.
365
For FACETS and TITAN inputs we computed heterozygous SNP counts at 4,165,754 common SNP sites (GATK bun-366 dle hapmap 3.3.b37.vcf.gz, https://software.broadinstitute.org/gatk/download/bundle) using the R 367 / Bioconductor package Rsamtools. Notably, for FACETS we used all the sites as the input instead of the usual 368 heterozygous-only set, after consulting with the authors.
369
Junction incorporation and JCN estimation. To evaluate junction incorporation and JCN estimation, the incorporated junctions 370 were approximately matched to gold standard junctions, e.g. both breakpoints were within 1 kbp from the corresponding 371 gold standard junctions with the same orientations. Naturally, true positives were the number of matches, false positives 372 were incorporated junctions without a match, and false negatives were gold standard junctions without a match. F1 score 373 of the incorporated junctions, the harmonic mean of precision and recall, was then computed for each benchmarking sample 374 (Fig.S1D ). Gold standard junctions for HCC1954 were defined as the consensus set inferred from the original data (junctions 375 identified by at least two different callers).
376
While in real samples the true JCNs are often unknown, the simulated genomes provided us with an opportunity to directly 377 compare fitted JCN to the ground truth. So, after the padded matching (described above), inferred JCNs of the graph reconstruc-378 tion were compared to the matching truth junctions, if any, in the simulated dataset. The proportion of correctly fitted JCNs 379 out of all incorporated junctions times recall of incorporation represented the accuracy or completeness of JCN estimation 380 (Fig.S1C ).
381
Segmental CNA estimation. When evaluating CNA inference performance, two metrics were considered. One was the correct 382 placement of CN change-points. Too many (hypersegmentation), too few (undersegmentation), too distant from the gold 383 standard (large error margin) were all adverse indications. Analogous to matching junction breakpoints, we considered an 384 inferred CN change-point to match a gold standard if their distance was within 1 kbp and they have the same direction of CN 385 change, e.g. increasing or decreasing CN from the side with smaller coordinates to the larger. To prevent extreme cases of 386 hypersegmentation being over-optimistic, each one of the gold standard CN change-point was allowed have at most one match 387 (the closest one). Based on the matching, F1 scores computed and shown in Fig.S1E . For HCC1954, the gold standard CN 388 change-points were defined as the consensus junction breakpoints.
389
The other metric was the concordance between the inferred CN profile with the gold standard. For each segment in the gold 390 standard, the overlapping portions of all the inferred segments were identified. The inferred CN for that gold standard segment 391 was defined as the overlap width-weighted average of inferred CN. Subsequently, the Spearman correlation coefficient was 392 computed across all gold standard segments Fig.S1F . The gold standard for HCC1954 CN profile was derived from array-CGH 393 downloaded from the CCLE data portal.
394
Validation of junction copy numbers with long-range sequencing technologies. To show that the JaBbA inferred 395 junction copy numbers are accurate in real samples, we used 10X linked-read sequencing (10X) of the breast cancer cell line 396 HCC1954 as orthogonal experimental validations. At a set of selected junctions of various JCNs, the number of unique barcodes mapped within 20 kbp from both cis sides of the breakpoints of each ALT junction was plotted as a red dot in Fig.1C . Same applied to a range of REF junctions (blue dots). Finally, both were compared to the fitted ratio between barcode coverage and Kataegis. To analyze the phenomenon of kataegis incident near rearrangements from complex amplicons, all SV breakpoints were collapsed onto a new coordinate system with a single axis in which coordinate 0 corresponds to the location where 470 the breakpoints occur. Positive coordinates point towards segments that are involved in the rearrangement (cis) and negative 471 coordinates involve coordinates that are uninvolved in the rearrangement (trans). Only pairings of one SV breakpoint to its 472 nearest SNV within a case are matched, and due to possible artifacts, those SNVs within 10 base pairs of a rearrangement Table S1 . Sources of pan-cancer WGS datasets used in this study. An Microsoft Excel spreadsheet in .xlsx format, summarizing of the number of samples from each dataset, the completeness of the pipelines, and the reference if the dataset is published before. Table S2 . Sample specific features. A comma separated values format text file of all the sample specific features of the pan-cancer cohort used in this study. The unique identifier for each sample and patient is stored in the sample id and participant id columns, respectively. The columns whose names start with an event type, represented the number of events (count), the total junctions attributed to that event type (burden), and the normalized zscore among the cohort used in the clustering (zscore). The membership to one of the 13 clusters (Fig. 5A) is listed under cluster column. It also records the gene mutation status, tumor types and subtypes, SNV density and signatures, as well as overall survival (OS) data. Table S3 . JaBbA output segmentation A BED file, where the first three columns of each row define a segment's chromosome name, start coordinate, and end coordinate of a genomic range. The following columns store the metadata including sample id, total CN, event footprints. Table S4 . JaBbA output junctions. A BEDPE file, where the first six columns of each row define the chromosome name, start coordinate, and end coordinate of two breakpoints of a junction, and the seventh and eighth columns the orientations, each row in this file represents a junction. Annotated in the rest of the columns including sample id, JCN, and event annotation. Table S5 . Simplified JaBbA event footprint While Table S3 stores the complete information of all segments, this simplified CSV file contains only the locations of the footprints of annotated events. Clusters of junctions tend to be more homogeneous (dominated by a single junction class) at low copy number than at high copy number. Clusters of junctions are composed of at least 3 overlapping intervals between breakpoints if from intrachromosomal breakpoints, or intervals within a 100 kbp window on each side of interchromosomal breakpoints. The junction copy number (JCN) of the cluster is defined by the maximum junction copy number of any junction within the cluster. Low copy clusters thresholded at JCN < 4, and high copy junctions at JCN > 7. A junction-class dominant cluster is defined as a cluster containing at least 90% of all junctions of one of the 4 junction-classes. P-value obtained by Wilcoxon rank sum test. (B) Top, significance of enrichment within superenhancer peaks after correcting for covariates of replication timing. Q-Q plot of observed p-values illustrating the probability that the observed densities of pyrgo within superenhancers come from the expected gamma-Poisson binomial distribution and expected p-values from a uniform distribution. Labeling indicates that MYC falls within 500 kbp of the significantly pyrgo-enriched superenhancer. Bottom, fraction of cases that harbor pyrgo overlapping genes commonly amplified within GISTIC peaks from (Zack et al., 2013) . Dots colored red in Q-Q plot are significant at F DR ≤ 0.10 threshold. (C) Top, significance of enrichment within genes after correcting for covariates of replication timing, gene length, and fragile site occurrence. Q-Q plot of observed p-values illustrating the probability that the observed densities of rigma within genes come from the and 13 (S2/S13), GC-strand coordinated clusters (described in ref. (Roberts et al., 2013) ), or TpC mutational context (right column). Bottom panels, cis SNV density and genome wide SNV density are not correlated with one another, indicating the enrichment of SNV near junctions attributed to APOBECand non-APOBEC-related processes is independent of active processes genome-wide. Illustrations of kataegis by rainfall plots showing the inter SNV distance and among different event types: (B) tyfonas, (C) DM, and (D), BFBC. Dots are colored blue (APOBEC) and beige (non-APOBEC) for inter-SNV distances ≤ 1 × 10 4 base pairs. Grey dots indicate SNV with inter-SNV of > 1 × 10 4 base pairs. Inter-SNV distance is defined by distance of each SNV to the next on hg19 reference coordinates. Abbreviation: CN, copy number. genome graphs, that are classified within this article into event types. Bottom, fraction of each event type that falls within 4 different ranges of junction copy number as estimated by JaBbA. (B) 35 of the total 2,833 samples are not considered in the analysis due to various reasons. Bad quality samples are defined as larger than 130,000 initial total vertices to be optimized.
